A novel coronavirus called 2019-nCoV was recently found in Wuhan, Hubei Province of China, and now is spreading across China and other parts of the world. 2019-nCoV spreads more rapidly than SARS-CoV. Unfortunately, there is no drug to combat the virus. It is of high significance to develop a drug that can combat the virus effectively before the situation gets worse. It usually takes a much longer time to develop a drug using traditional methods. For 2019-nCoV, it is now better to rely on some alternative methods to develop drugs that can combat such a disease effectively since 2019-nCoV is highly homologous to SARS-CoV. In this paper, we first collected virus RNA sequences from the GISAID database, translated the RNA sequences into protein sequences, and built a protein 3D model using homology modeling. Coronavirus main protease is considered to be a major therapeutic target, thus this paper focused on drug screening based on the modeled 2019-nCov_main_protease structure. The deep learning based method DFCNN, developed by our group, can identify/rank the protein-ligand interactions with relatively high accuracy. DFCNN is capable of performing virtual screening quickly since no docking or molecular dynamic simulation is needed. DFCNN identifies potential drugs for 2019-nCoV protease by performing drug screening against 4 chemical compound databases. Also, we performed drug screening for all tripeptides against the binding site of 2019-nCov_main_protease since peptides often show better stability, more bio-availability and negligible immune responses. In the end, we provided the list of possible chemical ligands and peptide drugs for experimental validation.
Introduction
In the last two decades, China faced several outbreaks such as an avian influenza in 1997 [1] , the severe acute respiratory syndrome (SARS) in 2003 [2] , and a severe fever with thrombocytopenia syndrome (SFTS) in 2010 [3] . The most recent outbreak of the viral pneumonia was first disclosed by the Wuhan Municipal Health Commission [4] on December 30, 2019. On December 31, 2019, the World Health Organization (WHO) was alarmed about the outbreak of pneumonia by the Chinese Officials [5] . The novel coronavirus (2019-nCoV) was isolated from 27 patients who were initially reported and the number of patients was subsequently revised to 5997as of Jan 28, 2020, with 132 death [6] . The current 2019-nCoV outbreak has some common features like the SARS outbreak: both happened in winter, linked to live animal markets, and caused by unknown coronaviruses [7, 8] . Fever, cough, and shortness of breath are the symptoms in common cases whereas pneumonia, severe acute respiratory syndrome and kidney failure are being reported as the symptoms in severe cases [5] . Most of the 2019-nCoV patients are linked to the Huanan Seafood Wholesale Market where several wildlife animals including bats, snakes as well as poultry are sold. So far, no specific wildlife animal is identified as the host of the novel coronavirus. Bat is considered as the native host of the novel coronavirus (2019-nCoV) although there may have other hosts in transmission from bats to humans [8] .
The Spring Festival travel rush has accelerated the spread, so it is of top priority to prevent the spread, develop a new drug to combat it, and cure the patients in time. Knowledge of current 2019-nCoV can be learned from previous SARS-CoV. The genetic sequences of 2019-nCoV have shown similarities to SARS-CoV (79.5%) [9] . The S protein and 2019-nCov_main_protease are potential drug targets. The S protein is the main target of neutralizing antibodies, and antibodies binding with this protein have the potential to stop the virus entry into host cells [10] . The main protease (also known as 3C-like proteinase) catalyzes a chemical reaction which is important in SARS coronavirus replicase polyprotein processing [11, 12] . Based on these target information, computer aided drug design can facilitate the development of a novel drug. The neutralizing antibodies against S protein of SARS have been obtained from human patients and the anti-SARS-CoV S antibody triggered fusogenic conformational changes [10] . This provides an important clue to prevent virus entry into host cells by antibodies or peptides. The 2019-nCov_main_protease inhibitors also have potential to prevent coronavirus maturation, and series of unsaturated esters inhibitors against 2019-nCov_main_protease of SARS-CoV was deposited in PDB database (Crystal structures of SARS-Cov main protease complexed with a series of unsaturated esters, PDB ID: 3TIT). One can also use these previous SARS inhibitors to design the inhibitor against 2019-nCoV. Based on the increasing protein-ligand complex structures, the deep learning algorithms for identifying/predicting potential binding compounds for a given target became possible [13, 14] . In addition to small molecular chemical compounds, scientists also rely on peptide/antibody to combat the virus due to stronger binding affinity.
In this work, we use a deep learning based method, DFCNN [14] , to identify potential drugs (peptides or small ligands) against the protein target of the 2019-nCoV virus. It should be noted that the DFCNN is extremely fast in virtual drug screening. We believe the proposed potential drug list can help the experimental scientist to locate drug that can symptom relives or even cures the disease rapidly.
Methods
The overall workflow of the proposed method is shown in Figure 1 . The DFCNN is a densely fully connected neural network, and the densely network (similar to DenseNet, but replace the convolution layer to fully connected layer) allows deep layer without the gradient vanishing problem. The deeper layers make it can learn more abstract features from the data. The training data of DFCNN is from PDBBIND database [15] , for which we define the crystal protein-ligand PDB complexes as positive and cross-docking complexes as negative. The detail process to build the deep learning model is described in our previous paper [14] . DFCNN model has two advantages over many other methods such as independent of docking simulation and the training dataset includesnonbinding decoys. The independent of the docking simulation makes it extremely fast, while the inclusionof nonbinding decoys during training makes the model robust in the real application scenarios.
Sequence analysis of virus proteins from different patients
We EPI_ISL_403962.fasta; EPI_ISL_403963.fasta; EPI_ISL_404227.fasta; EPI_ISL_404228.fasta). Details of the sequences and acknowledgement to the authors who submitted the data to the server is presented in the Table S1 .
Homology modeling of 2019-nCov_main_protease
Homology modeling is performed for the 2019-nCov_main_protease. The SARS coronavirus main protease was used as a template (PDB ID: 3TNT). The sequence alignment score is 96.0784 by CLUSTAL 2.1 (https://www.genome.jp/tools-bin/clustalw) [17] . Detailed analysis of the modeled structure is presented in the results section.
Virtual screening against Chimdiv database
The homology model of the ligand binding region of 2019-nCov_main_protease is used as the target structure. We define the residues with a cutoff distance of 1 nm from the known ligand as a pocket (ligand from the template PDB 3TNT is used). The ligand database is taken from the chimdiv company (https://www.chemdiv.com/) which contains around 1000,000 compounds. We first used the DFCNN model to perform large scale virtual screening. The mean and deviation of the training dataset were used during data normalization for a more stable performance. In the second stage, the top prediction by DFCNN model was chosen for an autodock vina based docking simulation. The docking result was visualized and examined by the discovery studio visualizer [18] . Finally, we provide a proposed compound list that has the potential to bind to this protein pocket.
Virtual
screening against Targetmol-Approved_Drug_Library, Targetmol-Natural_Compound_Library, and Targetmol-Bioactive_Compound_Library
The Targetmol-Approved_Drug_Library, Targetmol-Natural_Compound_Library, and Targetmol-Bioactive_Compound_Library contain about 2040, 1680, and 5370 compounds respectively. We have applied DFCNN model to perform virtual screening against these 3 libraries for 2019-nCov_main_protease. The compounds with high DFCNN scores are recommended as the potential inhibitors for further experimental validation.
Virtual screening against tripeptide database
Tri-amino acid peptide database is firstly built, with a total size of 8000. Each amino acid in the tripeptide database was converted into a molecule vector by Mol2vec [19] . For each peptide, the sum of its amino acid vector was used to represent this peptide's vector. Protein pocket is defined as residues with a cutoff distance of 1 nm from the known ligand. The pocket is then converted into Vector. The pocket and peptide vector are then concatenated into one line as input with a maximum dimension of 600. The process is similar to our previous work. We will use the same model as DFCNN, a densely fully connected model that is trained by a protein-ligand dataset from the PDB bind database. Since the ligand and peptides are composed of chemical groups, the model trained on the protein-ligand compound should also be suitable for protein-small peptide interaction.
Results

Sequence alignment and homology modeling
18 patient's RNA sequences are translated into protein sequences. We have checked the mutations in the pocket region of 2019-nCov_main_protease, and the sequences have 100% similarity for the virus from 18 different patients. This indicates the virus is currently stable in this region, and it is suitable for designing drugs. The alignment of S-protein epitope regions also shows high conservation among the patients ( Figure S1 ). 2019-nCoV_main_protease is also aligned to SARS-CoV protease by CLUSTAL. The aligned sequence is shown in Figure 2 . The figure indicates high similarity between 2019-nCov and SARS-CoV, which is consistent with the findings by Xu et al (2020) [8] . Using SARS coronavirus main protease, a theoretical protein model is built for 2019-nCoV_main_protease. There are only four mutations (T35V, A46S, S94A and K180N) between SARS_coronavirus_main_protease and 2019-nCoV main_protease shown in Figure  3 . In Figure 3 , the mutated residues are marked with blue color. As shown in Figure 3(D) , the binding pocket and interaction pattern is extracted from the modeled structure and will be used for the deep learning based drug screening.
Virtual screening against 4 small compound databases
Chemdiv dataset, widely used for large scale virtual screening, contains a large amount (~1000,000) of drug-like compounds or drug leads. The potential drug candidates selected from the Chemdiv dataset are shown in Table 1 . The top 100 predictions by DFCNN in the database are shown in Table S2 . Three other well known compound libraries were screened in this paper, including Targetmol-Approved_Drug_Library, Targetmol-Natural_Compound_Library, and Targetmol-Bioactive_Compound_Library. The natural compound library is also very popular for ligand virtual screening. It is worth to test whether there is any natural compound that can combat the virus by inhibiting 2019-nCov_main_protease. Table 2 shows the screening result for Targetmol-Natural compound library. The compounds with a DFCNN score higher than 0.997 are listed in Table  2 , and it is found that Adenosine, Vidarabine, Mannitol, Dulcitol, D-Sorbitol, D-Mannitol, Allitol, Sodium_gluconate are the top predictions (Table 2) . Natural products are often active ingredients of known herb medicine, and relatively safe because of long history usage. If it is proved by an experiment that is effective to the target, patients can easily access it by taking corresponding herb medicine. The list of compounds with a score higher than 0.990 is provided in Table S3 .
The screening result for Targetmol-Approved Drug library is shown in Table 3 . The compounds with a DFCNN score higher than 0.997 are listed in Table 3 . We randomly considered drugs from potential drugs list and performed a systematic literature search. Interestingly, we found most of the drugs in the list such as meglumine,Ganciclovir and Vidarabine respectively show antiviral activity. It is found that Meglumine, Vidarabine, Adenosine, D-Sorbitol, D-Mannitol, Sodium_gluconate, Ganciclovir and Chlorobutanol respectively are top predictions according to the DFCNN score ( Table 3 ). The list of compounds above score 0.990 is provided in Table S4 . The screening result for Targetmol-Bioactive_Compound_Library is shown in Table 4 . The compounds with a DFCNN score higher than 0.997 is listed in Table 4 . Bioactive compounds are a type of chemicals that can found in plants and some foods and have been studied in the prevention of various diseases. It is worth to check whether any of them can act on the target protein. We found compounds such as Vidarabine, Adenosine, Dulcitol, D-Sorbitol, D-Mannitol, Ganciclovir and 5'-Deoxyadenosine are the top predictions in the Targetmol-Bioactive compounds (Table 4 ). The list in Table 4 has narrowed down the hit compounds for later drug development stages, such as docking, molecular dynamics simulation, or even directly experimental validation for finding bioactive compounds against 2019-nCov_main_protease. The list of compounds above score 0.99 is provided in Table S5 .
Virtual screening against tripeptides
Peptides have the potential to exert higher binding affinity and specificity than small compounds meanwhile small peptides are easier to be synthesized compared with small compounds and antibodies. Since the known ligands of SARS_main_protease are compounds similar to tripeptides and the combination of 20 amino acids for tripeptide is also affordable for our method, we decide to perform virtual screening on the whole tripeptides. The screened tripeptides with a DFCNN score higher than 0.995 for the 2019-nCov_main_protease is shown in Table 5 . A higher value indicates the peptide can most likely bind with the pocket of the 2019-nCov_main_protease. Our method found that the peptides formed by I, K, P amino acids have the highest possibility to bind in the pocket. The combinations by G, K, L or G, K, K or K, P, V are also found to be favorable binding partners predicted by DFCNN (Table 5 ). Since the tripeptides are relatively easy to produce, many of the top predictions can be validated by the experimental techniques in a very fast and less expensive manner. The list of tripeptides above score 0.99 is provided in Table S6 .
Conclusion
Designing small compound or peptide drugs to cure the 2019-nCoV is extremely urgent. With the extremely high speed and relatively high accuracy, our DFCNN model for protein-ligand interaction analysis is suitable to overcome the challenge of screening tens of thousands of drugs in a short time in a certain emergency situations, such as 2019-nCov outbreak. In this paper, we have performed a deep learning based drug screening for 2019-nCov_main_protease, and provided potential compound and tripeptide lists for 2019-nCov_main_protease. The inhibitor candidate lists provided in the paper can help to facilitate the 2019-nCov_main_protease drug development. In such an emergency situation, this paper focused more on drug efficacy and availability. For instance, we performed virtual screening against on-market drugs, since it could be used immediately. The design of peptide is for a similar reason since it is easier to be synthesized compared with small compounds and antibodies. Future works will focus on virtual screening longer length peptides against 2019-nCov_main_protease, and also try to develop a scoring function and reinforcement algorithm to redesign the antibodies of SARS S protein into antibodies or peptides of 2019-nCov S protein. We believe that the deep learning based drug screening technique can play an important role in designing drugs for combating such coronaviruses. 
